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Abstract 
The paper is dedicated to the problem of application the case based reasoning methodology to decision making problem under 
risk. As a benchmark problem the Bingo lottery problem has been considered. The attention is focused on the problem of 
modeling uncertainty parameters and similarity measure. General fuzzy trapezoidal numbers (GFTN) are proposed for modeling 
parameters with imprecise interval representation. The Shi-Jay-Chen   similarity measure is applied for evaluating similarity of 
imprecise parameters. The spreadsheet simulation model has been implemented for verification of the proposed models. The 
similarity measure sensitivity analysis of interval size and confidence degree is done 
© 2016 The Authors. Published by Elsevier B.V. 
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1.  Introduction 
As known there are two general approaches to modeling decision making processes; these are mathematical and 
reasoning approaches. The reasoning models are divided into two categories: rules based and case based reasoning. 
The case-based reasoning (CBR) is a methodology that solves a new problem on the basis of previous problems and 
their solutions. It can be said that CBR uses the human phenomena of solving problem by analogy with previous 
problems. The case-based reasoning can also be named as similarity-based reasoning. The similarity-based 
reasoning is a sub-set of reasoning by analogy, where problem is solved using the analogies within the same domain. 
From mathematical point of view, CBR can be considered as an interpolation problem and while from information 
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technology point of view CBR is a system of searching relevant cases from databases. CBR can be declared 
learning, and integrates all of them with memory processes. These tasks are performed using typical situations called 
cases, already experienced also as a model of reasoning that incorporates problem solving, understanding, and by a 
system. CBR can be described as the process of solving new problems based on the experience coming from similar 
past problems. CBR in fact is a famous way of analogy making and it is not only a famous computer reasoning 
technique but it is also a pervasive human problem solving technique. We can notice that the use of CBR rises in the 
past decade as one of the powerful AI techniques It can be seen that the system becomes more efficient and more 
competent as a result of storing the past experience of the system and then referring to earlier cases in later 
reasoning. Unlike traditional knowledge based systems, a CBR system operates through a process of remembering 
one or a small set of concrete instances or cases and basing decisions on comparisons between the new and old 
situations2. The case based reasoning approach is widely and successfully applied in many domains as games, 
recommendation systems, information retrieval, bioinformatics, industrial applications and others. It represents a 
good and easy method of knowledge extraction, discovery and modeling. It consists of using the prior similar cases 
for resolving the newest problems3. CBR life cycle includes:  
 
1.  Retrieving the most similar previously experienced cases to our new case study. 
2.  Reusing the retrieved cases by copying them completely or by integrating the solutions of the cases retrieved. 
3.  Revising or adapting the solution(s) of the cases retrieved trying to solve the new problem. 
4.  Retaining the new solution once it has been proven that it is correct and brings successful results2.  
 
The case based reasoning methodology is used basically for domain and problem that are poorly learned, or 
where mathematical or rules based models have not been developed. As CBR systems are used, the system 
encounters more problem situations and then, after creating more solutions and retaining those into the case base, 
the experience increases and the chance for better future solutions increases. It can be said that the more cases we 
have in the case base the wider range of future problems the system can try to solve and the better result the system 
can achieve2 . In a particular context, it is possible that the system has to rely on incomplete, imprecise or vague 
information. Fuzzy logic is proven to be a good tool for modelling the imprecise information. Combination of fuzzy 
logic with CBR results in Fuzzy logic based CBR approaches has been investigated3.  
The case based reasoning approach has a wide use in many domains; it includes also a variety of implementations 
and models. Many works in the CBR combine with the traditional CBR some intelligent approaches and algorithms 
for resolving some specific problems or for enriching the CBR model. We can cite here some works which combine 
the fuzzy approach and the Case based reasoning6,7,8 as  in which the authors incorporate the traditional case base 
paradigm by the Fuzzy Logic concepts in a flexible, extensible component-based architecture. The integration of 
fuzzy theory with CBR methodology has been addressed by some researchers.  
Yager explained that there was a close connection between fuzzy system modeling and case based reasoning. 
Dubois and Prade formalized the fundamental hypothesis of CBR in the context of fuzzy rules. They established a 
formal framework in which case-based inference can be implemented as a special type of fuzzy set-based 
approximate reasoning. Fuzzy set and fuzzy logic have also been used for case representation and case matching in a 
CBR process. Fuzzy sets were used to depict imprecise case features in a fuzzy case-based reasoning system . In 
similarity was treated as a fuzzy relation and fuzzy operations were employed for aggregating local similarity 
values. Moreover, fuzzy linguistic rules were adopted and as a flexible means to express the criteria for assessing the 
relation of similarity between cases. 
Also8 which enforce the case based reasoning by a fuzzy logic system. We cite also9 in which they introduce a 
fuzzy model for the representation of a CBR system.. These papers10,11,12,13,14 are dedicated to the problem of fuzzy 
similarity.Fuzzy CBR systems is effective  platform for cluster analysis and discovery rules. We are using fuzzy sets 
for representing the parameters  in a given decision problem. 
2.  Problem statement and solving method 
Decision making under risk is a very important problem in modern system analysis. These problems are usually 
presented as a relation in the format “nature states-alternatives-outcomes” has shown in Table 1, where the nature 
states Sj are defined by their individual probabilities Pj.  
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Table 1. Nature states-alternatives-outcomes model 
 S1/P1 Sj/Pj …… Sm /Pm 
A1 U11 U1j  U1m 
Ai Ui1 Uij  Uim 
….. ….. ….. ….. ….. 
An Un1 Unj  Unm 
 
In this paper we define the probabilities as imprecise intervals [ ௜ܲ௅ , ௜ܲ௎ǡ ௜ܹ ], where ௜ܹ is confidence degree. The 
confidence degree expresses the decision maker’s confidence in his opinion. The interval representation in many 
practical cases is very natural format for expression of the existing uncertainty. There are different approaches for 
generating solution of decision making problem: mathematical and logical (rules reasoning). In this paper we 
consider an alternative approach – case-based reasoning. CBR is an effective tool in the situations where decision 
maker does not have sufficient information for building mathematical or logical models. It takes place for rare 
problems for which we have little experience and knowledge regarding their solution. Additionally CBR approach 
can be used as a component of hybrid decision making systems as tool for checking the variants of decisions 
generated by mathematical and rules reasoning methods. CBR includes a database system which stores many cases 
of descriptions and solutions for typical problems took place in the past. The technique of CBR is based on 
similarity principle. To solve a new problem it is necessary to search and find a case in the past similar to it. 
The goal of this paper is practical simulation of CBR using imprecise intervals of probability and respective 
similarity measure.  The benchmark problem is considered as the 3 alternatives lotteries problem from paper1. This 
problem is formulated as follows: 3 alternatives lotteries are defined respective to 3 colors (pink, blue, yellow) balls 
set. Any color can be associated with one of the following outcomes (-10,10,100).  For decision maker it is 
presented one pair of possible lotteries : 
 
Lottery 1 : (Pink ball, -10; Yellow ball, 10; Blue ball, 100) 
 
Lottery 2 : (Pink ball, 10; Yellow ball, 100; Blue ball, -10) 
 
The decision maker, using on the imprecise information about ball extraction probabilities and crisp values of 
outcomes, should choose the preferable lottery. As the approach to building the decision making model, the case-
based reasoning (CBR) method is used. 
In our problem any case  or database record includes the following attributes  
ሺଵǡ ଶǡ ଷǡ ଵǡ ଶǡ ଷǡ ୧ሻ  ) – where  
୧  - is the probability of   െ  ball extraction; 
୧ - is outcome for color ; 
୩   is global  utility of    െ   alternative; 
୧ and  ୩  are represented by crisp numbers.  
CBR techniques are based on similarity principle so the search is done for the case which is similar to the new 
case using its utility value. The calculation of cases similarity is based on the two stage procedure: first calculation 
of the similarity for any dimension and next aggregation of them into a total similarity.  For aggregation the weighed 
sum criteria or the some criteria of strong similarity2 can be used. For modeling uncertainty such as “imprecise 
interval” the technique of generalized fuzzy numbers GFN and particularly the trapezoidal GFN (GFTN) are used.  
As it’s known the traditional fuzzy numbers (TFN) are defined by vector of four components ൌ ሺܽǡ ܾǡ ܿǡ ݀ሻ .  GTFN, 
however, are defined by vector of five components ൌ ሺܽǡ ܾǡ ܿǡ ݀Ǣݓሻ , where   
ܽ ൑ ܾ ൑ ܿ ൑ ݀ǡ Ͳ ൏ ݓ ൑ ͳand ߤሺݔሻ is defined  as 
ߤ௫ሺݔሻ ൌ
ە
ۖ
۔
ۖ
ۓ
Ͳݔ ൏ ܽ
௫ି௔
௕ି௔
ܽ ൑ ݔ ൑ ܾ
ݓܾ ൑ ݔ ൑ ܿ
௫ି௖
ௗି௖
ܿ ൑ ݔ ൑ ݀
Ͳݔ ൐ ݀

ۙ
ۖ
ۘ
ۖ
ۗ
  (1) 
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with  GTFN  we can represent the crisp interval and also imprecise interval . If  ɚ=b  and   ɫ=d    and  W z  1  we 
have imprecise interval with confidence level shown in Fig. 1. 
 
 
 
 
                                                      Fig 1. Imprecise interval 
If ܽ ൌ ܾǡ ܿ ൌ ݀   and ݓ ൌ ͳ1  then we have crisp interval.  
As criteria of imprecise interval similarity we use the measure proposed by Shi-Jay- Chen4,5  is shown as (2). 
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Where ݕ஺ and ݕ஻   are determined by the following formulas (3)  
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For verification of the proposed approach a simulation model in MS Excel  has been created. The MS Excel’s 
built-in tools are used to perform what-if and sensitivity analysis of the computational models. The proposed model 
allows effective visual monitoring of all models’ parameters and their changes 
 
3. Conclusion 
In this paper the technique of solving decision making problem under risk by case based on methodology has 
been demonstrated. For modeling imprecise intervals GFTNs are used. We have also demonstrated the usage of  
Shi-Jay- Chen similarity measure. For evaluation of validity of the proposed approaches a MS Excel simulation 
model has been developed. This model can conduct the sensitivity analysis by two channels- size of interval and 
confidence degree  
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